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Abstract:  
The sale of electric vehicles in the market still faces a challenge due to their limited driving range, in addition to the 
time required for charging batteries and, in many cases, the limited infrastructure of charging stations. Each time, 
before starting a journey, the driver has to assess whether the available charge on the battery is enough or not. 
Frequently, this estimation is based on the travelling distance and past consumption. There are two aspects that can 
have a very significant influence on the battery consumption: the route and the driving style. Accuracy of battery 
charge status (SOC) estimation plays a significant role in the management of electric vehicle power batteries. 
However, recently abrupt changes from SOC data often occurs in the actual operation of electric vehicles and some 
errors appear in the establishment of battery models which gives rise to poorly adaptive and robust performance of 
traditional algorithms in the process of SOC estimation. The work proposed in this paper uses a RNN-LSTM based 
model which can effectively improve the accuracy of models and SOC estimation of lithium ion batteries.  
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I. Introduction 

 
Using machine learning and related methods in the 
area of EV energy use has not yet gained a lot of 
attention. Deep learning is now finding usage in 
many automotive applications. With the 
advancements and research in the autonomous 
driving and electrification of vehicles, the deep 
learning algorithms play a major role in electric 
vehicles systems. The electric vehicle is gaining pace 
with the need for clean energy to be used in vehicles 
which also reduces exhaust from vehicles. Deep 
Learning (DL) has also made a positive impact on the 
control of automatic vehicles (AVs), particularly in 
terms of the steering angle prediction due to its 
ability to effectively process unlabelled raw data. We 
identify it into two classes of studies:  
 
• those related to the energy use by the vehicles 

themselves and; 
• those related to EV charging infrastructure.  
 
For Electric vehicles, the major source of power is 
the battery and hence there is a need to reduce the 
power consumed by the electronic components in 
the vehicle. The electric motor power consumption 
needs to be optimized, for electric vehicles to be 
more effective. For effective optimization, the 
vehicles power behaviour has to be identified, 
predicted and using this as the input, decisions can 
be taken like when more or less power is required by 

the motor. The vehicles are equipped with Electronic 
Control Units(ECU) to which the decision output can 
be provided to control the motor speed based on the 
power demand predicted at the time. For this, one 
can use deep learning algorithms to perform the 
complex task and take decisions. Deep learning 
algorithms simplify the complex task of decision 
making by using the past data from the training set. 
The most important inputs to the deep learning are 
identifying the right data for the training so that the 
network can train and can predict the outcome when 
the actual data is fed. Neural Network is the 
backbone of deep learning. One of the most 
commonly used algorithms for deep learning is the 
Recurrent Neural Networks. For dynamic input data, 
typical Feed Forward Neural networks cannot be 
used as this type of networks are static after training 
with data. The Recurrent Neural networks are ideal 
for dynamic and changing inputs in which the 
networks adapt to the dynamic change in the inputs. 
A much more advanced algorithm of RNN is Modular 
Recurrent Neural networks (MRNN) [1] [2], which is 
ideal for networks that have more dynamic 
parameters needed to be predicted. In [3], a deep 
learning algorithm based on Modular Recurrent 
Neural Network (MRNN) is used to train vehicle 
power behaviour. For the vehicle power predictions 
and deriving a data set for the training network, a 
mathematical model of a vehicle is required with 
vehicle parameters. In [4] [5] [6], a simple model of 
vehicle is considered. From the vehicle model, a 
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simple data set is used for training the network and 
the trained network is used to predict the actual 
data. 
 
II. Related Work 

 
Apart from the literatures on EV’s a great amount of 
work can also be found in the area of unmanned 
vehicle (autonomous driving). Neural networks can 
learn complex interactions between features, which 
is beneficial for autonomous driving in dynamic 
environments [7]. Steering a car through traffic 
constitutes a complex task that is very hard to cast 
into algorithms. Thus, researchers turn to train 
Artificial Neural Networks (ANN) with a stream of 
data generated by front-facing cameras yielding 
associated steering angles [8]. The benefits of 
steering angle prediction using the DL approach are 
that it has tolerance for mistakes, the ability to 
quickly identify errors and better capability in 
managing unpredictable situations [9]. Different 
studies have applied various algorithms to achieve 
these goals. For instance, in the literature [10–12], 
the authors propose a Genetic Algorithm (GA) for 
steering control. Linhui and Lie [13] worked on 
control of unmanned vehicles using fuzzy logic via 
GA. Layne and Passino [14] worked on fuzzy logic 
model-based control learning for cargo ship 
steering. Cao et al. [15] worked on a system for 
controlling brake pressure based on fuzzy logic 
using steering angle and yaw speed. Lee [16] 
proposed a steering autopilot control algorithm for 
four-wheel-steering passenger vehicles. A major 
setback of fuzzy logic is that the use of fuzzy logic-
based controllers for rear-end collision avoidance 
depends on the number of fuzzy rules, and an 
extreme amount of such rules has direct bias on its 
efficiency [17]. Many studies have applied DL in 
predicting the steering angle of AVs [18–22]. Kuutti 
et al. [23] and Oussama and Mohamed [24] surveyed 
DL applications in AV control. 
 
The modelling of EV infrastructure starts from 
modelling the energy use of the charging stations 
[25]. Such studies are also extended to optimize 
scheduling of the charging times using actor-critic 
learning [26. While the total energy use is 
proportional to the number of EVs within some 
region, the energy use prediction for individual 
charging stations is more complicated [27]. Other 
type of problems concerns modelling the individual 
energy use for a specific EV instance. Various 
management strategies are proposed using 
reinforcement learning to transfer efficient energy 
management from expected velocity to automated 
system control [28-29]. The authors [30] model the 
vehicle energy consumption in terms of the state-of-
charge by minimizing the so-called Q-function using 
reinforcement learning. Liu et al. considered the 
speed profile as input to predict the state-of-charge 
(SOC) as output. Deep learning applied on increased 

quantities of historical data enables modelling of EVs 
based on driver’s history [31, 32], and on 
predetermined fixed routes [33]. The probabilistic 
energy prediction approach [34] was investigated by 
creating statistical models. The authors [35] use 
probabilistic models on sequence data inspired by 
the works that are related with time-to-event churn 
prediction or asset management [36]. Some 
researchers combine this approach with the 
recurrent models which are successfully used on 
spatio-temporal data in predicting extreme 
condition traffic [37] or origin-destination 
forecasting [38]. 
 
With the fast development of the EV industry, it is 
bound to encounter new challenges to the power 
sector industry due to the large capacity of the 
battery and stochastic charging behaviour of the 
users. High EV penetration may substantially 
increase the electricity usage and peak power 
demand in high adoption areas. Therefore, an 
accurate EV charging-power demand forecast 
system needs to be developed in order to evaluate 
the impact of charging EV batteries on the power 
systems. In this regard, accurate short-term load 
forecasting is a key measure to the intelligent control 
of EV charging systems. Power load forecasting 
models can be categorized into traditional statistical 
models and artificial intelligence models, traditional 
forecasting methods include time series method 
[39], autoregressive integrated moving average [40], 
regression analysis [41], Kalman filtering [42], etc. 
Artificial intelligence methods include artificial 
neural networks [43], support vector machines [44], 
and deep learning methods [45]. Before the 21st 
century, due to strong adaptive, self-learning and 
generalization ability of artificial neural networks 
(ANN), it had become a hot research topic for 
adopting ANN approaches in load forecasting. The 
article [46] reviewed the application of ANNs for 
load forecasting and proved that ANNs have 
effectiveness for load forecasting in terms of 
accuracy and efficiency. In recent years, thanks to 
the breakthrough of computing hardware and 
successful applications such as Alpha-go, the deep 
learning methods have obtained wide attractions 
and are used in image semantic segmentation [47], 
image classification [48], target detection [49], 
natural language processing [50] and many other 
science and engineering fields. 
 
In two studies [51,52], real traffic and charging data 
influenced by weather data were considered in 
determining the EV charging-power demand. In 
addition, the integration of sustainable mobility, 
stationary energy storage systems, and renewable 
energy sources were also studied in [53–57]. Studies 
[55-57] presented the integration of renewable 
energy sources in the EV charging infrastructures. 
However, most previous works have investigated 
settings that consider private charging stations and 
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a fixed charging-start time. While such settings are 
valid for predicting the charging-power demand of 
EVs that are parked at a private charging station 
during a specified time duration (e.g., vehicles that 
are charged at homes or at workplaces), such 
settings cannot be used to characterize the charging-
power demand of EVs that are charged at public fast-
charging stations. Therefore, models that 
characterize the time-spatial charging-power 
demand of EVs at public charging stations should be 
developed so that the EV charging-power demand 
can be predicted more accurately and reliably. 
However, only a few studies [58-62] have presented 
a time-spatial EV charging–power demand 
prediction model. Bae and Kwasinski [59] presented 
a time-spatial EV charging-power demand 
anticipation study that considered a Poisson-
distributed vehicle arrival rate at fast-charging 
stations near highway exits, and estimated the EV 
charging-power demand based on an M/M/ s 
queueing theory. Shrestha and Hansen [60] 
presented a state-transition algorithm that was used 
to develop a stochastic model of EV movement in an 
integrated traffic and power network. Considering 
the increased use of EVs in metropolitan cities, 
researchers [58,61,62] also studied EV charging-
power demand models for urban zones. Mu et al. 
[58] developed a time-spatial model that integrated 
a transportation analysis into a power-system 
analysis. Zhou and Lin [61] presented a time-based 
EV charging-power demand forecast model with 
multiple charging stations in urban areas. They 
anticipated the EV arrival rate at a charging station 
with a cell-transmission traffic model and used an 
M/M/s queue for the EV charging service. 
Viswanathan et al. [62] evaluated the time-spatial 
aspect of the charging-station placement using 
modelling and simulation based on real-world traffic 
data. As the EV penetration rate increases, the need 
for developing time-spatial EV charging-power 
demand models that consider the uniqueness of 
urban areas is expected to grow. The rather high 
complexity of road networks and traffic flow in 
realistic urban areas is expected to introduce 
challenges for applying the models and approaches 
of previous studies. In addition, EV charging power 
demand models for urban areas should consider that 
the road system is populated with vehicles, and EV 
users can charge their EVs at a fast-charging station 
whenever they have not charged their batteries at 
home or work. Although using EVs in urban 
neighbourhoods is expected to be non-negligible, 
only a few studies [58,61,62] on determining the EV 
charging-power demand in urban areas have been 
reported. In contrast, the random forest algorithm 
(RF) used in [63] has been applied to power load 
forecasting from user-side, and the parallelized data 
processing mode implemented by random forest has 
the characteristic of high efficiency. 
 

The influence of the route characteristics on the fuel 
or energy consumption of a vehicle is evident. 
Moreover, one can find several studies showing the 
influence of driving style. Thus, in [64] driving 
aggressiveness is correlated with some variables 
such as speed, longitudinal acceleration and lateral 
acceleration. Assuming that aggressiveness acts as a 
linear filter on these signals, the model is validated 
through some trials in which drivers sometimes 
behave gently and sometimes aggressively. All 
previous studies focused on conventional vehicles. 
However, [65] [66] attempt to predict the charge 
consumption of an electric vehicle using an Artificial 
Neural Network. Another novel aspect is that the 
data acquisition was performed using a smartphone. 
The input variables of the neural network are speed, 
accelerations and jerks and predictability of the 
system amounted to over 95%.  
 
This work [67] intends to eliminate the limitations 
on the choice of the route used by earlier studies. 
Thus, it is intended to analyse the influence of the 
different driving styles when predicting the 
consumption of an electric vehicle through a neural 
network trained with traffic data in urban 
environment. The data is obtained from tests carried 
out on a sample of drivers, in order to predict the 
energy consumption when covering a specific route 
by a driver whose driving parameters have been 
measured previously. A system based on a Neural 
Network using kinematic driving data and route data 
to estimate the consumption of battery charge is 
proposed. The method used is based on two phases. 
Phase 1: Neural Network training: Driving variables 
of different users for different routes and 
consumption of battery charge are recorded. To 
train the network, data of all drivers circulating 
along various routes are used in order to cover the 
widest variability.  
 
Phase 2: Validation and application of the Neural 
Network:  The driving variables for each registered 
user in phase 1 are considered as the characteristics 
of their driving style and these variables are used as 
inputs to the network when applying it to a new 
route. The input vector is completed with route 
variables. The functioning of the network is 
validated with tests on other routes than those 
considered in phase 1, followed by measuring and 
comparing actual consumption with the network 
estimations. 
 
III. Proposed Method 

 
In real-world, vehicle energy consumption is 
affected by various other factors including other 
road users, traffic signals, road conditions, road 
grade, heating and ventilation. A number of real-
world traffic data are available to the public. The 
case studies are supplemented with a number of 
examples to demonstrate how Vehicle energy 
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dataset (VED) can be utilized for vehicle energy and 
behaviour studies. Potential research opportunities 
include data-driven vehicle energy consumption 
modelling, driver behaviour modelling, machine and 
deep learning, calibration of traffic simulators, 
optimal route choice modelling, prediction of human 
driver behaviours, and decision making of self-
driving cars. We believe that VED can be an 
instrumental asset to the development of future 
automotive technologies. The dataset can be 
accessed at https://github.com/gsoh/VED.  
 

Taking into consideration the relative rarity of these 
vehicles, as a part of the effort, a small data of 772 
studies containing nearly 42070 samples were 
identified and used for the study. OBD-II provides 
information on the status of the various vehicle 
subsystems, via a standardized communication 
protocol. The OBD-II port provides an entry point to 
the vehicle Controller Area Network (CAN), enabling 
CAN signals to be monitored and recorded.The 
dataset consists of two primary components: (1) 
static data and (2) dynamic time-series data. Static 
data include vehicle parameters shown in Table I;   
 

 
Table IStatic Data 

Parameters Example 
Vehicle Type ICE Vehicle, HEV, PHEV, EV 
Vehicle Class Passenger Car, SUV, Light truck 
Engine Configuration I4, V4, V4 Flex, V6 PZEV  
Engine Displacement 1.0L, 2.0L, 3.6L 
Transmission 5-SP Automatic, 4-SP Manual, CVT  
Vehicle Weights 3,000lb, 5,000lb 
Drive Wheels FWD, AWD 

 
Dynamic data include time-stamped naturalistic 
driving records of the fleet. The list of dynamic 
signals, described in Table. II, are categorized into 

the three groups: GPS signals, standard OBD-II 
signals, and OEM-customized OBD-II signals. 
 

 
Table II Dynamic Data 

 Data 

GPS Latitude / Longitude (deg) 

Engine Information 
(standard OBD-II signals) 

Vehicle Speed (km/h) 

Engine RPM (rev/min) 
Fuel Info Mass Air Flow (g/s) 
Fuel Rate (L/h) 
Absolute Load 
Short Term Fuel Trim B1 (%) 
Short Term Fuel Trim B2 (%) 
Long Term Fuel Trim B1 (%) 
Long Term Fuel Trim B2 (%) 
Outside Air Temperature (◦C) 
Auxiliary Power (HVAC) 
AirCon Power (KW) 
AirCon Power (W) 
Heater Power (W) 

Battery Information 
(OEM-customized OBD-II signals) 
 

Battery SOC (%) 

Battery Voltage (V) 
Battery Current (A) 

Among the broad range of OEM-customized OBD-II 
signals, our interest lies in the information collected 
on battery usage and auxiliary power consumption. 
Battery Current and Battery Voltage indicate DC 
current and voltage measured at the high voltage 
terminal. While Battery Voltage can only have non-
negative values, Battery Current can be positive 
(charging) or negative (discharging). Battery SOC is 
the state of charge of the high voltage battery as a 
percentage of maximum battery capacity. AirCon 

Power and Heater Power represent the power 
consumed by the AC compressor and the electric 
heater, respectively.  
 
For simulating the SOC, RNN-LSTM model is used. 
RNN is composed of input layer X, hidden layer Y and 
an output layer H. Compared to CNN, RNN retains 
historical information and is widely used to solve 
time series data problems. However, RNN has a 
problem of gradient explosion and gradient 
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disappearance, so it can only deal with shorter 
timing problems. The research of LSTM (Long Short 
Term Memory) networks can effectively improve the 
hidden nodes of RNN and provide a new direction for 
solving the problems of time series prediction. 
Combining RNN and LSTM can make full use of the 
input data features while saving historical input 
information, which has a more accurate and stable 
prediction effect. 
 
RNN with four hidden LSTM layer was devised and 
the code was written in google colab. Each hidden 
layer consists of 50 neurons. For the training 
samples, we decided to divide trials in temporal 
windows of 5 minutes and calculate the variables for 
each of these windows. This is done to provide a 

larger number of samples from which the network 
can learn. Furthermore, such a division can capture 
more driving situations. With this process, from 772 
trials considered for the training process, a total of 
42070 samples are obtained with 22 different 
parameters including Vehicle ID, timestamp, Battery 
SOC, Battery voltage, Battery current etc. The 772 
case studies were randomly divided so that 712 of 
them are integrated into the training set and 
remaining 100 in the validation set. 
 
 
 
 
 

 
IV. Results 

     
(a)                                                                                             (b) 

      
(c)                                                                                          (d) 

    
(e)                                                                                         (f) 

Fig 1 (a) Battery SOC Vs Battery current (b) Energy Consumption (c) Energy distribution for SOC (d) Energy 
distribution for current battery state (e) Battery voltage Vs SOC (f) Predicted Vs actual Battery SOC 

 
Battery is the major component of an electric vehicle. 
Energy consumption of a battery therefore governs 
the usefulness of an EV. Battery SOC plays a major 
role in the analysis of an EV. The coulomb counting 
method, also known as the ampere hour counting 

and current integration is the most common 
technique for calculating the battery SOC. The 
method employs battery current readings 
mathematically integrated over the usage period to 
calculate SOC given as; 
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SOC =SOC(to) + 
1

𝐶𝑟𝑎𝑡𝑒𝑑
∫ (𝐼𝑏 − 𝐼𝑙𝑜𝑠𝑠)𝑑𝑡
𝑡𝑜+𝜏

𝑡𝑜
        (1) 

 
Where SOC(to) is the initial SOC, Crated is the rated 
capacity, Ib is the battery current and Iloss is the 
current consumed by the loss reactions. Fig 1(a) 
represents the battery current plotted as a function 
of battery SOC for ---- vehicles. Fig 1(b) determines 
the energy consumption where battery current is 
plotted as a function of SOC in %.  
Fig 1(c) and (d) represent the energy distribution for 
state of charge and current battery state 
respectively. 
 
The SOC of a battery that is its remaining capacity 
can be determined using a discharge test under 
controlled conditions. The voltage method converts 
a reading of the battery voltage to the equivalent SOC 
value. Using the known discharge curve (voltage Vs 
SOC) of the battery (Fig 1 (e)). However, the voltage 
is significantly affected by the battery current due to 
the batteries electrochemical kinetics and 
temperature. 
 
Fig 1(f) represents the predicted SOC against actual 
SOC. The RNN-LSTM model predicted a battery SOC 
of 97.86796 
 
V. Conclusion 

 
Accuracy of battery charge status (SOC) estimation 
plays a significant role in the management of electric 
vehicle power batteries. However, recently abrupt 
changes from SOC data often occurs in the actual 
operation of electric vehicles and some errors 
appear in the establishment of battery models which 
gives rise to poorly adaptive and robust 
performance of traditional algorithms in the process 
of SOC estimation. The work proposed in this paper 
can effectively improve the accuracy of models and 
SOC estimation of lithium ion batteries is predicted 
to be 97.86796. Battery overcharging and over-
discharging can be avoided because of the accuracy 
of battery SOC estimation, which helps to achieve 
battery balance and provides important data 
support for the calculation of Electric vehicle 
mileage. 
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